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Abstract

This report describes a signal processing algorithm and MATLAB software for improving spatial resolution
in ultrasonic nondestructive evaluation (NDE) imaging of materials. Given a measured reflection signal and an
associated reference signal, the algorithm produces an optimal |east-squares estimate of the impul se response of
the material under test. This estimated impulse response, when used in place of the raw reflection signal, enhances
the spatial resolution of the ultrasonic measurements by removing distortion caused by the limited-bandwidth
transducers and the materials under test. The theory behind the processing algorithmsiis briefly presented, while
the reader is referred to the bibliography for details. The main focus of the report is to describe how to use the
MATLAB software. Two processing examples using actual ultrasonic measurements are provided for tutorial
PUrposes.
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Chapter 1

| ntroduction

Impul se response estimation for enhancing spatial resolution in ultrasonic NDE imaging has been discussed exten-

sively by the author [1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 13, 14]. The cited work was done some years ago, and since
then, the software (Fortran) and expertise are no longer availableto the NDE Section. The purpose of thiswork is
to reconstitute the expertise and software tools by implementing the appropriate algorithmsin MATLAB for use by

today’s Ultrasonic NDE Section at LLNL. The MATLAB code described in thisreport isa“research code,” mean-

ing that it proves the algorithmic principlesfor any given single A-scan. Further work will be necessary to writeis
as aproduction code that can be used for processing B-scans and blocks of B-scans.

The main purpose of this document is to aid the user in applying the MATLAB software to NDE data. For
most of the theoretical development, the reader is referred to the bibliography. Copies of the papers are available
from the author.

1.1 Examples of Ultrasonic Processing Results Using Wiener Impulse Re-
sponse Estimation and Bandlimited Spectrum Extrapolation

The work cited above includes both impul se response esitimation using a Wiener estimator and bandlimited spec-
trum extrapolation of the estimated impulse response using the method of aternating orthogonal projections to
further enhance the spatial resolution of ultrasonic images. Three examples from past research are shown here to
introduce the techniques. Explanations are given in the figure captions.

1.2 SignalsMeasured in a Controlled Experiment

In order to test the signal processing algorithms, Steve Benson provided a set of datafrom a controlled experiment.
Holes of known depth, diameter and location were drilled in a block of aluminum. Tape was applied to the back
surface to cover the holes and not allow water to enter them. Thisblock was insonified using ultrasonic transducers
in awater tank. This report shows processing results for the hole called “H1.”

If the situation were ideal, the transducer and the measurement system would have infinite bandwidth so the
measured response would show three ideal impulses. The reflection from the front surface would show an ideal
positive-going impulse as the waves traversed the water-aluminum interface. The reflection from the hole would
give a negative-going impulse corresponding to the waves traversing the aluminum-to-air interface. The back
reflection from the tape would give a negative-going pul se as the waves traversed the tape-to-water interface.
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Figure 1.1: Experiment to measurelayer thicknessesin amaterial made of ablock of lucite on ablock of aluminum.
The ideal impulse response of the material consists of three delayed impulses, the first two having negative sign
and the last having positive sign. The raw measured ultrasonic waveform y(¢) is distorted due to the bandpass
nature of the ultrasonic transducer. The estimated impulse response iAz(t) is a much closer approximation to the
ideal impulse response. After bandlimited spectrum extrapolation, the signal Tze(t) isavery close approximation
to the ideal impulse response. The processed signals are much easier to interpret than the raw data, allowing much
improved estimation of travel times and material thicknesses.
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Figure 1.2: Controlled Experiment to test ultrasonic methods of crack sizing. The aluminum specimen has a flaw,
the location and geometry of which are known. The “crack ” was simulated by a saw cut. The reference signal
was chosen to be the reflection from a corner, because that is reasonably related to the signal expected from the
crack.

Of course, in practical measurements, the transducers and measurement system have limited bandwidth, so the
reflections are not ideal and contain considerable ringing. The data discussed here are very clean with very high
signal-to-noiseratio. Even so, dueto distortion (ringing), the author is unable to identify conclusively the polarities
of the two small reflections.



Figure 1.3: Experiment to test ultrasonic methods of crack sizing (see the last figure). (a) The scattered measure-
ment y(t), (b) The estimated impulse response Tz(t) from the Wiener algorithm, and (c) The extrapolated impulse
response ﬁe(t). Note the dramatic improvement seen in ﬁ(t) and ﬁe(t). The extrapol ated impulse response 7. (t)
closely approximates the impul se response predicted by theory.
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Figure 1.4: Experiment to measure/estimate the thickness of the adhesive material deposited between two pieces
of aluminum. The ultrasonic data were collected at a part location devoid of significant anomalies.
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Figure 1.5: Experiment to measure/estimate the thickness of the adhesive material deposited between two pieces
of aluminum (see the previous figure). The reference signal and measurement signal are used by the Wiener al-
gorithm to estimate the impulse response ﬁ(t) of the part. The estimated impulse response is then processed by
the bandlimited spectrum extrapolation algorithm to produce the extrapolated impul se response ﬁe(t), which has
greatly enhanced spatial resolution. The pulses corresponding to the bond boundaries are not resolvable in the
raw measurement, but they are clearly resolvable in the extrapolated impulse response. From the raw measure-

ment, thickness measurementsare not feasible. From the processed measurement, the thickness measurementsare
straightforward.
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Chapter 2

Theoretical Background

The mathematical problem we are solving is known as the system identification problem; Given a linear time
invariant system for which we know the inputs z(n) and outputs y(n), estimate the impulse response h(n) of the
system [22, 25, 20, 6]. Let n denote the discrete timeindex. We have chosen to use afiniteimpulseresponse (FIR),
(or all-zero, or moving average) model having N coefficients we wish to estimate.

Early work in impulse response estimation includes [17, 18]. An excellent presentation of the Levinson-
Wiggins-Robbinsalgorithm for efficient inversion of Toeplitz matricesappearsin[21]. Infact, thisbook documents
the theory behind J. V. Candy’s MATLAB function “Iwr "for implementing the algorithm. The author’s code
Wiener GAC callsthe lwr agorithm as part of the computation of the Wiener solution.

A block diagram depicting the mathematical problem to be solved in the system under test is given in Fig-
ure (2.1) [1].

The model can be expressed as a convolution:
N—-1
J(n) = h(k)z(n—k) (2.1)
k=0

The error between the measured response and the estimated response is then
e(n) = y(n) —y(n) (22)

Assuming the measurements are ergodic [24], we wish to perform a least-squares optimization problem using as
performance criterion the sum squared error

E= Z e(n) (2.3)

The goal then, is to estimate the ~(n) which minimize E. The range of the summation index in the definition of
E is not specified, but it can be considered to run from minus infinity to infinity. The measurements x(n) and
y(n) havefinite durations. However, we can consider that they have extensions (via zero-padding) over an infinite
range.

From estimation theory, we know that for the minimum squared error solution, the error sequence must be
orthogonal to the data z:(n) (the orthogonality principle). With some manipulation, we can show that this can be
expressed by the Wiener-Hopf equation:

Rezh = Ry, (2.4

11
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Figure 2.1: The System Block Diagram shows a linear system with impulse response h(t) being modeled by
impulse response h(t). Here, welet t denote the continuous time variable
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where R, isthe N X NN input autocorreleation matrix, h isthe N X1 vector of impulse response coefficients, and
R, isthe N X1 cross-correlation matrix between the output y(») and theinput z(n) [1, 21, 22, 23, 24, 25].

The solution of the Wiener-Hopf equation requires the inversion of the Toeplitz input autocorrelation matrix
R

b =R, Ry. (2.5)

where the asterisk denotes the optimal least squares (Wiener) solution for h. One of the properties of the Toeplitz
matrix R, isthat its eigenvalues are asymptotically distributed as equally spaced of the spectrum of xz(n) [19].
The condition number of R, isroughly determined by the ratio of the largest to the smallest eigenvalues of the
matrix [1]. This means that the condition number is also approximately the ratio of the largest to the smallest
values of the spectrum of x(n). The larger the condition number, the more ill-conditioned the matrix is, and the
more difficult it isto invert the matrix [31]. The key point is that if there are zeros in the spectrum of z(n), then
the condition number is large, the set of equations (inversion of the Toeplitz matrix) is ill-conditioned, and the
solutions calculated are not of good quality. Therefore, anything we can do to reduce the number of digital spectral
zeros will help us achieve a better solution.

There are two main methods for reducing the number of digital spectral zeros. The First is to decimate the
data so that the digital spectrum contains a minimum of high-frequency zeros. We discuss this in the next section.
Second, we can regularize the ill-posed inversion problem [1] by adding a small positive regularization constant
to the diagonal elements of R, to shift any small eigenvalues away from zero. In the frequency domain, thisis
equivalent to adding a small positive constant to the input Power Spectral Density function S ... (f) [1]. This has
the effect of raising the spectral floor in the denominator of the Wiener solution to avoid spectral zeros.

The overall effect of the reqularization technique is to reduce estimation error variance at the expense of pro-
ducing a biased estimate [1, 22, 23, 24]. This error variance vs. hias tradeoff is important to consider when
choosing the regularization constant «. One must choose « large enough to move the eigenvalues of R, away
from zero, but not so large that the bias in the estimate of the impulse response isintolerable.

In the MATLAB software, the user can obtain the minimum and maximum reasonable values of « using the
Singular Value Decomposition (SVD) of R ... The user is given an upper and lower bound on the values of « from
which to choose. The user can then run the code several times, trying various values of « until a satisfactory result
is obtained. Fortunately, the solutions are not very sensitive to the values of «, so finding a satisfactory valueis not
difficult. A rule of thumbis: If the signal is not very noisy, the value of o can be very small. The noisier the data,
the larger o needs to be.

Note that if weintroduce adelay A to align z(n) and y(n) asdiscussed in the next section, this corresponds to
replacing y(n) with y(n — A) in the formulation given above and proceeding as before.

13



Chapter 3

Signal Preprocessing

Signal preprocessing is extremely important to the practical success of the impul se response estimation algorithm.
The preprocessing steps ensure that the the signals satisfy the algorithm assumptions and give the algorithm the
best chance to overcomethefact that the basic mathematical problemisill-posed [1]. In addition, the preprocessing
steps alow us to put the datain aform that is most easily interpreted. The MATLAB script (an M-file) that does
the preprocessing is called “Pre Wiener GAC ™.

Figure (3.1) shows the raw reference signal «(¢) and the raw measurement signal y(t). The referencesignal is
afront and back reflection from a piece of aluminum (with no hole, etc.). The y(t) signal isfor an aluminum block
containing ahole called “H1".

3.1 Removing Mean and/or Trend from the Signals

Removing any statistical mean and/or trend from the data is done to help satisfy the linearity assumption for the
system under test. A system with any form of bias (such as a mean and/or trend in the measurements) cannot,
by definition, be linear [26, 27]. Since the Wiener estimation algorithm assumes linearity, it is very important to
execute this step. Generally, any bias in the measurementsis an artifact of the measurement process, and should
be removed in any case. Fortunately, for the ultrasonic NDE data acquired in the NDE lab, thereis generaly little
or no mean or trend because the measurement system has been well-designed and calibrated.

Figure (3.2) showsthe reference signal z(¢) and the measurement signal y(t) after mean and trend removal.

3.2 Designing the Proper Lengths of the Signals

Letting n denote the discrete time index, we know from linear system theory that if we convolve a sequence z(n)

with a sequence h(n) to obtain a sequence y(n), thefollowingistrue: If the length of 2:(n) is NV, samplesand the
length of h(n) is N}, samples, then the length of y(n) will be N, + N, — 1 samples[27]. In practice, we wish to
be able to display an impulse response h(n) that has the same length as the measurement y(n). Clearly, we must
carefully account for all of these effectsin the design of our signal lengths.

If the length of the nonzero pulse in the reference signa is IV, and the length of a reflection pulse in the
impulse response is Ny, then the length of the resulting pulse in the measurement signal is V..

So, the way we design the signal lengths for our practical data set is asfollows: First, we know that the length
of y(n) is1280 samplesat f; = 1.e8H ~. From the figure we see that we have |eft an ample number of background

14
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see, the data acquisition system is so well calibrated that mean/trend removal is not really necessary for this data
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samples before and after the pulses of interest. Second, When we cut the reference signal as in the next section,
we want to zero-pad the reference pulse so the length of z(n) isthe same as the length of y(n). Third, We can let
the length of 1(n) equal the length of y(n) aslong as N, + Ny, — 1 is short enough so that the convolved pulse
fitsinto the 1280 samples. In our case, it does; so our problem issimple.

3.3 Cutting a Reference Signal

A key component of the impulse estimation approach is providing a good quality reference signal [1]. The most
common way to produce such a reference is to take a reflection measurement from the front or back surface of
the part under test or a piece of material that has the same material properties as the part under test. Sometimes
a corner reflection or other specialized reference signal can be used [1]. The MATLAB code “Pre Wiener GAC
" givesthe user the ability to cut out a piece of agiven waveform, and zero-pad it on both endsfor use as areference
signal. The user must provide a set of parameters such as time at which to start cutting, number of seconds of data
to save after cutting, desired length of the reference signal, etc.

Figure (3.3) showsthe cut and post-padded reference signal «(t).

Figure (3.4) shows the cut and post-padded reference signal x(t) plotted over the measurement y(¢) for de-
lay/alignment comparison.

3.4 Temporal Shifting/Alignment of the Signals

For most measurements, it is necessary to adjust the delay between the reference signal z(¢) and the measure-
ment signal y(¢). This shifting/aligning of the signals allows the results to be displayed in a form that is easily
interpretable by the user [1]. For the data set used here, we offset (n) and y(n) by 100 samples (A = 100).

Figure (3.5) shows the Reference z(t), measurement y(¢) and the delayed measurement y(t — A) plotted for
comparison.

Figure (3.6) shows the Reference x(¢), plotted over the delayed measurement y(t — A) for comparison (A =
100).

3.5 Decimation

To decimate a signal is to reduce its sampling frequency f,. To interpolate a signal is to increase its sampling
frequency. When taken together, Decimation and Interpolation are commonly called Resampling [1, 2, 15, 16,
28]. The author has published in the area of resampling signals and the importance of resampling to the impulse
estimation problem [2, 15, 16]. The signalsmeasured in the NDE lab are usually oversampled, in the sense that the
sampling frequency is much larger than twice the bandwidth of the signal spectrum (the Nyquist frequency). This
is good practice, because it ensures that the data are not aliased [27]. However, for impulse response estimation,
it has a very negative effect that can be remedied easily by decimating the data to reduce the available digital
frequency bandwidth so it approximates the support of the spectrum of z(t). We now discuss why this is good
practice.

For our data set, the sampling frequency is fs = 10.e7H z, so the folding frequency is fs/2 = 5.e7Hz. The
bandwidth is approximately .8e7 Hz. Note that due to oversampling, the number of spectral zerosis very large,
making R, ill-conditioned. Decimation can remove the high-frequency zeros, but the low frequency zeros and
any in-band zeros must be dealt with in other ways. Methods include regularization (as described in the theory

17
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Figure 3.3: The cut and post-padded reference signal x(t).
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Figure 3.4: The cut and post-padded reference signal z(t) plotted over the measurement y(t) for delay/alignment
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Figure 3.5: Reference signal z(t), output measurement y(¢) and the delayed measurement y(¢t — A) plotted for
comparison (A = 100).
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y(t—delta) over x(t)
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Figure 3.6: Reference x(t), plotted over the delayed measurement y(¢ — A) for comparison.
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section), and applying bandlimited spectrum extrapolation algorithms as proposed at the end of this report and as
described in[1].

An example of decimating the data is depicted in the following figures.
Figure (3.7) shows | X (f)|? and | Y (f)|? before decimation. The signals are clearly oversampled.
Figure (3.8) showsthe signals x(t) and y(t) after decimation by the noninteger ratio of 13/2.

Figure (3.9) shows | X (f)|? and | Y (f)|? after decimation by 13/2. The high frequency spectral zeros have been
effectively eliminated.
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IX(f)l=2

IY(f)l*2

0 x 10° IX(f)I**2 = Magnitude Squared of the DFT of x:
T T T T T T T T T

o x 10° IY(f)I**2 = Magnitude Squared of the DFT of y:
T T T T T T T T T

12 7]

0 1 2 3 4 5 6 7 8 9 10
Frequency (Hz) x 107

Figure 3.7: | X (f)|?> and |Y (f)|? before decimation. The sampling frequency is fs = 10.e7H z, so the folding
frequency is fs/2 = 5.e7Hz. Note that due to oversampling, the number of spectral zeros is very large, making
R, ill-conditioned.

23



xnew(t)

8000
6000
4000
2000

—-2000
—-4000

-6000
0

Measured Reference Waveform xnew(t) (decimated):

0.2 0.4 0.6 0.8 1 1.2

Measured Reflection Waveform ynew(t) (decimated):

x 10

1.4

JW/W - "

0.2 04 0.6 0.8 1 1.2
Frequency (Hz)

Figure 3.8: The signals z(t) and y(t) after decimation by 13/2.
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IXnew(f)**2

IYnew(f)**2

) x 10° [Xnew(f)I**2 = Magnitude Squared of the DFT of xnew:
T T T T
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x107

o 10° [Ynew(f)I**2 = Magnitude Squared of the DFT of ynew:
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Frequency (Hz) 107

Figure 3.9: | X (f)|? and |Y (f)|? after decimation by 13/2. Note that the high frequency spectral zeros have been
effectively eliminated by the decimation step.

25



Chapter 4

| mpulse Response Estimation

The MATLAB code for impulse response estimation is called “Wiener GAC ”. In this section, we apply the code
to our example data and discuss the results.

Figure (4.1) showsthe optimal |east squares Wiener estimate of theimpulseresponse ﬁ(t). The polarity (phase)
of the reflected pulses are now clearly evident to the author.

Figure (4.2) shows the estimated output 7(¢) plotted over the measured output y(¢). The two signals match
very closely. Also shown isthe error signal e(t) = y(t) — y(t). Notice that the magnitude scale for the error is
very small, and that the error is very small, even in the regions of maximum error.

Figure (4.3): The estimated output 3(¢) is plotted along with the estimated impul se response ﬁ(t) and the error
e(t).

Figure (4.4): The input z(t), output y(t), estimated output 7(¢) and the estimated impulse response ﬁ(t) are
plotted for comparison.
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hhat(t)

Estimated Impulse Response hhat(t) :
1 T T T T T T T T T

0.6 _

04 .

_04 ! ! ! ! ! ! ! ! !
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

Time (Seconds) x10°°

Figure 4.1: The optimal least squares Wiener estimate of the impul se response ﬁ(t). N =197, a = 5.0, Range of
« is.0182 to 8.7912. Note: we can now see clearly that, as predicted by theory, the polarity of the front reflection
is positive, the polarity of the hole reflection is negative, and the polarity of the back reflection is negative.
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yhat(t) over y(t)

y-yhat

e(t)

yhat(t) (Red) overlayed on y(1) (Blue), [delta = 100]
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Figure 4.2: The estimated output (¢) is plotted over the measured output y(t). Also shown is the error signal

e(t) = y(t) — y(t). Noticethat the magnitude scale for the error isvery small, and that the error isvery small, even
in the regions of maximum error.
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Estimated Impulse Response yhat(t):
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Figure 4.3: The estimated output y(¢) is plotted along with the estimated impul se response E(t) and the error e(t).
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Figure 4.4: The input 2(t), output y(¢), estimated output () and the estimated impul se response ﬁ(t) are plotted

for comparison. Note that ﬁ(t) does not align temporally with y(¢).
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Chapter 5

Signal Post-Processing

After the Wiener estimation algorithm is finished, some additional “post-processing” can be done to put the
signalsin aform for correct and easy interpretation.

5.1 IncludingtheArtificial Delay of y(¢) that wasIntroduced During Pre-
processing

Figure (5.1) The estimated measured output y(t), the estimated impul se response ﬁ(t) and the delayed estimated
impulse response h(t — A) are plotted for comparison. Notice that once the artificial delay A introduced during
preprocessing is included, the signals y(t) and h(t — A) aign nicely. This effect is more easily seen in the next
figure.

Figure (5.2) The estimated delayed impulse response ﬁ(t — A) is plotted over the measured output y(¢) for
comparison. Notice that once the delay A isincluded, thesignals y(¢) and h(t — A) aign nicely. This step is not
absolutely necessary, but is may provide a display that is more pleasing to the eye.

5.2 Interpolating (Up-Sampling) the Results

This step is not necessary for many applications. In some cases, however, it may be advantageous to interpolate
the estimation results to present a more pleasing display.

Figure (5.3) depictsthe magnitude squared of the DFT's of g(¢) and Tz(t), |}7(f) |2 and |1§(f) |* beforeinterpo-
lation.

Figure (5.4) depictsy(t) and ﬁ(t) after interpolation by the noninteger ratio 2/13.

Figure (5.5) depicts the magnitude squared of the DFT’s of (t) and ﬁ(t), |}7(f)|2 and \lfl(f)|2 after interpo-
lation by 2/13..

Figure (5.6) depicts E(t) and y(t) after post-processing, including interpolation.
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Figure 5.1: The estimated measured output y(¢), the estimated impulse response ﬁ(t) and the delayed estimated
impulse response h(t — A) are plotted for comparison. Notice that once the delay A isincluded, the signals ()
and h(t — A) aign nicely. Thiseffect is seen more easily in the next figure.
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hhat(t—delta) over y(t)

hhat(t—delta) (Red) overlayed on y(t) (Blue), [delta = 16]
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Figure 5.2: The estimated delayed impulse response ﬁ(t — A) is plotted over the measured output y(¢) for com-
parison. Notice that once the delay A isincluded, thesignalsy(t) and h(t — A) align nicely.
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Figure 5.3: The magnitude squared of the DFT’sof 7(¢) and h(t), |Y ()| and | H(f)|? beforeinterpolation.



yhatnew(t)

hhatnew(t)

yhatnew(t) (interpolated):
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Figure5.4: y(¢t) and ﬁ(t) after interpolation. For some users, this display may be more pleasing to the eye than the
decimated version shown earlier.
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IYhatnew(f)I**2 = Magnitude Squared of the DFT of yhatnew:
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Figure5.5: The magnitude squared of the DFT’sof 3i(t) and A(t), | Y (f)|? and | H (f)|? after interpolation by 2/13.
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Figure 5.6: lAz(t) plotted over 3(t) after post-processing, including interpolation.
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Chapter 6

Processing Example Using a Back Surface
Reflection asthe Reference/l nput Signal

In the previous chapters, we demonstrated the signal processing algorithms using actual experimental signals
measured in the laboratory. As areference signal z(n), we used the front surface reflection from the part under
test. In most experimental situations, this is the most reasonable choice for a reference. The impulse response
estimation results were satisfactory, but we are interested in exploring the possibility that better results might be
achieved if we use a different, perhaps more appropriate reference signal. Perhapsit is beneficial to optimize the
choice of reference signal to the hole reflection signal. For this problem, it makes sense to use the back surface
reflection signal as a reference for the following reason: The back surface reflection is more likely to have the
properties of the layer boundary. This is because the back surface reflection and the layer surface reflection have
similar travel paths. The front surface reflection does not travel through any of the materials.

Note that if our goal is to sharpen the shape of the hole reflection wavelet, we must invert the sign of the back
wall reference signal. This is because from theory, we know that the hole reflection should be a negative-going
impulse (seethe previous section). The back wall reflection isalready negative, soinvertingitssigninthereference
signal will ensure that proper sign is given to the estimated impul se response at the hole reflection position.

In this chapter, we briefly show the results of cutting out the back surface reflection to use as a reference, and
estimating the impul se response of the material using this new reference signal. We show a subset of the kinds of
figures shown in the last section. The figures are self-explanatory.

We see that the use of the back wall reflection provides the advantage that it makes the pulse or wavelet
corresponding to the hole reflection to have a shape closer to that of an ideal impulse. Thus, the back wall
reflection may be agood choice as a reference signal for some applications.

As explained in the figure captions, we see a demonstration of the issues discussed in the theory section. We
see the bias caused by the regularization of the estimation problem, and the associated bias vs. estimation error
variance tradeoff. The value of the regularization parameter « was chosen to give minimum bias while maintaining
acceptably small error variance. Further processing is possible to attempt to mitigate the low frequency bias; eg.
highpass filtering.
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x post padded(t)

Cut and Post-Padded Waveform x(t):
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Figure 6.1: The cut and post-padded back surface reference signal «(¢). Note that the sign of the original back
surface wavelet has been inverted in the reference signal .
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x 10” [Xnew(f)I**2 = Magnitude Squared of the DFT of xnew:
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Figure 6.3: Back Surface Reference Case - | X (f)|? and |Y'(f)|? after decimation by 13/2. Note that the high
frequency spectral zeros have been effectively eliminated by the decimation step.
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Estimated Impulse Response hhat(t) :
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hhat(t)
o
T
1
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Figure 6.4: Back Surface Reference Case - The optimal least squares Wiener estimate of the impulse response
E(t). N =197, a = 6.7885, Range of «is.0001 to 6.7885. Note: we see that the front reflection is more distorted
relative to the case in which we used a front surface reflection as the reference signal. Thisis, of course, expected,
because the back reflection does not match the front reflection. The polarity of the hole reflection is now clearly
negative, as we expect from theory. In addition, the hole reflection wavelet now has more of a “spike” ” shape
as desired. However, the bias in the estimate caused by the regularization is apparent in the low frequency trend
introduced into the signal. Fortunately, the bias is probably not enough to be detrimental for our purposes. Also,
further post-processing can mitigateit.
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hhatpp(t) over yhatpp(t)
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Figure 6.5: ﬁ(t) plotted over y(t) after post-processing, including interpolation. The bias in the estimate caused
by regularization is apparent in the low frequency trend introduced into (). Fortunately, the bias is probably not
enough to be detrimental for our purposes. Also, further post-processing can mitigateiit.
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Chapter 7

Future Work

The next step in our current work isto rewritethis research code to create a production code for use with large data
sets, including B-scans and blocks of B-scans.

It is recommended that future projects alow for implementing an algorithm for bandlimited spectrum extrap-
olation [1]. This alows us to expand artificially the bandwidth of the transducers using analytic continuation
from complex variables theory [32]. The author has used the method of alternating orthogonal projections very
effectively for ultrasonic NDE [1]. Following the Wiener impulse response estimation with bandlimited spectrum
extrapolation provides us with much sharper impulses in the estimated impul se response at material boundaries.
Spatial resolution is, therefore, greatly enhanced [1].

Some work is planned to highpass filter the estimated impul se response for the back wall reference case. Itis
hoped that the lowpass regularization bias will be mitigated by this step.

Another possible avenue of approach isto use the “ spiking filter " strategy developed for seismic signals[17,
18]. In this approach, the desired response for the Wiener filter is an impulse, and the Wiener filter estimates the
impul se response that will achieveit. The approach proposed in this paper isthe“ shaping filter " approach, in which
the desired response for the Wiener filter is the measured waveform. Generaly, if a reference signal is available,
the shaping filter approach is preferred because more information is available. However, for some applications, in
which a good reference is not available, the spiking filter approach isvery beneficial.



Chapter 8

Conclusions

We have presented a brief discussion of asignal processing algorithm and MATLAB software for improving spa-
tial resolution in ultrasonic nondestructive evaluation (NDE) imaging of materials. Given a measured reflection
signal and an associated reference signal, the algorithm produces an optimal |east-squares estimate of the im-
pulse response of the material under test. We examined the use of two different reference signals, the front wall
reflection and the back wall reflection. The estimated impulse response, when used in place of the raw reflec-
tion signal, enhances the spatial resolution of the ultrasonic measurements by removing distortion caused by the
limited-bandwidth transducers and the materialsunder test. Two processing examples using actual ultrasonic mea-
surements from a controlled experiment were provided as a tutorial. Even though the raw data have very high
signal-to-noiseratio, the author is unable to identify the polarities (phase) of the two small reflections conclusively.
From the estimated impul se response, however, the polarities are clear and correct. Proposed future work includes
(1) Creating a production code for use with large data sets, including B-scans and blocks of B-scans, (2) Imple-
menting and testing a bandlimited spectrum extrapolation algorithm for further enhancing the spatial resolution of
the estimated impul se response, (3) Post processing the estimated impul se response to mitigate the regularization
bias effects, and (4) Testing the spiking filter strategy often used when no appropriate reference signal is available.
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